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MONTE CARLO METHOD
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UNIFIED MONTE CARLO (UMC)
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BAYES THEOREM & PRINCIPLE OF MAXIMUM ENTROPY
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UMC sampling schemes
BF approach: A set of independent {σ}

METROPOLIS approach: An stochastic Markov 
chain {σ} distributed following p(σ)

If
 

p(σ’) > γ
 

p(σ(t)) then σ(t+1)=σ’; else σ(t+1)=σ(t) 
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SPREAD OF SAMPLED VALUES
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LINEAR MODEL:  y = σ
Node Model Expt σE

 

(%) Expt / Model Comments
1 210 205.6 30.0% 0.979 within error

2 40 39.3 2.0% 0.983 within error

3 20 26 30.0% 1.300 marginal

4 10 14 5.0% 1.400 discrepant

5 7 6.7 3.0% 0.957 marginal

6 6 8.5 50.0% 1.417 within BIG error

7 6 No exp.data

covexp(3,1)  = covexp(1,3) = 0.2 σE
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(3) -
 

weak correlation
covexp(5,2)  = covexp(2,5) = 0.8 σE

 

(2) σE

 

(5)
 

-
 

strong correlation
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MODEL DATA & CORRELATION

~ 95% correlation
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LINEAR MODEL:  RESULTS
0.5 σC < ψ

 
< 3.5 σC

0.02 σC < δ
 

< 1.25 σC
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Chisq Convergence
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RATIO CASE
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5% exp. ratio unc., 95% model correl.
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GLS FAILURE: ANALYSIS
Quantity Node 1 Node 2 Ratio

BF/GLS 0.7767 0.7929 1.0209

METR/GLS 0.7728 0.7891 1.0210

METR/BF 0.9950 0.9951 1.0001

Quantity Node 1 Node 2 Ratio

BF/GLS 1.0002 1.0007 1.0005

METR/GLS 0.9995 0.9998 1.0004

METR/BF 0.9992 0.9991 0.9999

5% exp. ratio unc.
95% model correlation 

Quantity Node 1 Node 2 Ratio

BF/GLS 1.0180 0.9795 0.9622

METR/GLS 1.0232 0.9850 0.9626

METR/BF 1.0051 1.0056 1.0004

5% exp. ratio unc.
no model correlation 

30% exp. ratio unc.
95% model correlation 
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LOG TRANSFORMATION
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SUMMARY
UMC is a viable tool for cross-section data evaluation 

Metropolis sampling scheme is recommended for UMC 
calculations

When data values are cross sections or cross sections 
and integral (spectrum-averaged) cross sections, GLS and 
UMC are equivalent so GLS is recommended

If ratio or other explicitly non-linear data are introduced 
UMC may be preferable to GLS
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